



Assessment and prediction of the impact of road
transport on ambient concentrations of particulate
matter PM10




Creative Commons: Attribution-NonCommercial-NoDerivs (CC BY-NC-ND)
Document Version
Peer reviewed version
Citation for published version (Harvard):
Suleiman, A, Tight, MR & Quinn, A 2016, 'Assessment and prediction of the impact of road transport on ambient
concentrations of particulate matter PM10', Transportation Research Part D: Transport and Environment, vol.49, pp. 301-312. https://doi.org/10.1016/j.trd.2016.10.010
Link to publication on Research at Birmingham portal
General rights
Unless a licence is specified above, all rights (including copyright and moral rights) in this document are retained by the authors and/or the
copyright holders. The express permission of the copyright holder must be obtained for any use of this material other than for purposes
permitted by law.
•	Users may freely distribute the URL that is used to identify this publication.
•	Users may download and/or print one copy of the publication from the University of Birmingham research portal for the purpose of private
study or non-commercial research.
•	User may use extracts from the document in line with the concept of ‘fair dealing’ under the Copyright, Designs and Patents Act 1988 (?)
•	Users may not further distribute the material nor use it for the purposes of commercial gain.
Where a licence is displayed above, please note the terms and conditions of the licence govern your use of this document.
When citing, please reference the published version.
Take down policy
While the University of Birmingham exercises care and attention in making items available there are rare occasions when an item has been
uploaded in error or has been deemed to be commercially or otherwise sensitive.
If you believe that this is the case for this document, please contact UBIRA@lists.bham.ac.uk providing details and we will remove access to
the work immediately and investigate.
































function	(Singh	et	al.,	2013;	Pokorná	et	al.,	2015;	Uria-Tellaetxe	and	Carslaw,	2014).	Pant	and	Harrison	 (2013)	 reviewed	and	discussed	 the	pros	and	cons	of	 the	methodologies	 for	 the	assessment	of	 road	 traffic
emissions	and	the	receptor	modelling	of	particulate	matter.	The	assessment	methods	include	direct	measurements	near	roads/highways	and	tunnels,	twin	studies,	dynamometer	tests	and	tracer	studies	(Gouriou	et	al.,
2004;	Jones	and	Harrison,	2006;	Chiang	et	al.,	2012;	Ketzel	et	al.,	2003).	The	receptor	modelling	methods	discussed	by	Pant	and	Harrison	(2013)	include	multivariate	statistical	methods	(i.e.	PCA,	PMF,	UNMIX,	and
Multilinear	Engine	 (ME)),	and	Chemical	Mass	Balance	 (CMB)	model.	The	multivariate	statistics	and	CMB	methods	are	quite	revealing	and	 informative.	However,	 they	require	 the	use	of	expensive	 instruments	 in
measuring	relevant	tracer	elements	associated	with	the	different	sources	of	the	particles.	These	expenses	make	them	difficult	to	be	applicable	for	a	city-wide	study.	Moreover,	the	twin	studies	are	easy	to	apply,	even










Site	code Easting Northing Site	name Site	type Distance	to	the	road	(m) Traffic	volume	(veh/h) Average	PM10	(μg/m3) PM10	(%)	available
BL0 530,123 182,014 Camden	-	Bloomsbury Urban	background 21.76 92.1
BT4 520,866 185,169 Brent	-	Ikea Roadside Not	available 4389 43.25 90.4
CD3 530,057 181,285 Camden	-	Shaftesbury	Avenue Roadside 3 1700 34.00 91.4
CR3 532,336 168,934 Croydon	-	Thornton	Heath Suburban 21.13 91.0
CR4 532,583 165,636 Croydon	-	George	Street Roadside 8 2500 25.00 95.0
CT3 533,480 181,186 City	of	London	-	Sir	John	Cass	School Background 27.51 91.5
GR4 543,978 174,655 Greenwich	-	Eltham Suburban 21.91 99.6
Fig.	1	Googlestreet	map	showing	the	locations	of	MY1	and	BL0	sites.
GR5 538,960 177,954 Greenwich	-	Trafalgar	Road Roadside 5 1500 23.37 99.6
GR8 540,200 178,367 Greenwich	-	Woolwich	Flyover Roadside 3 7000 40.00 97.3
HK6 532,947 182,575 Hackney	-	Old	Street Roadside 6 2500 31.83 94.1
IS2 530,698 185,735 Islington	-	Holloway	Road Roadside 3 2000 30.73 98.6
IS6 531,325 186,032 Islington	-	Arsenal Urban	background 22.40 97.5
KC1 524,046 181,750 Kensington	and	Chelsea	-	North	Ken Urban	background 21.11 96.7
KC2 526,527 179,646 Kensington	and	Chelsea	-	Cromwell	Road Roadside 4 2800 33.71 81.4
KC5 525,671 179,080 Kensington	and	Chelsea-Earls	Court	Rd Kerbside Not	available 1600 35.83 98.9






















































runs	along	 the	 southwest	 to	 the	northeast	axis	 is	one	of	 the	busiest	 roads	 in	central	London	with	 the	 traffic	 volume	of	over	4000	veh/h	and	 the	hourly	 average	PM10	 concentrations	of	 about	43.25	μg/m3.	 The	 higher	mean	PM10
concentrations	ranging	from	45	to	70	μg/m3	at	the	site	are	more	related	to	the	winds	along	the	road	and	the	recirculating	flows	within	the	canyon	as	shown	in	the	first	panel	of	Fig.	2.


































Site	pairs Wind	speed	(m/s) Wind	sector	(degrees) Total	mean	PM10	(μg/m3) Total	mean	PM10inc	(μg/m3) Mean	PM10inc	(μg/m3) Percent	road	contribution	(%) Percentage	of	observations	(%)
BT4	–	KC1 Combined 0–140 37.04 14.51 22.79 62% 9%
BT4	–	KC1 >3	m/s 30–130 37.04 14.51 21.76 59% 2%
BT4	–	KC1 <3	m/s 40–230 37.04 14.51 22.07 60% 27%
CD3	–	KC1 Combined 75–200 34.22 11.6 12.16 36% 49%
CD3	–	KC1 >3	m/s 65–200 34.22 11.6 10.52 31% 12%
CD3	–	KC1 <3	m/s 90–255 34.22 11.6 14.86 43% 21%
CR4	–	HA1 Combined 70–255 25.62 8.51 12.16 47% 26%
CR4	–	HA1 >3	m/s 70–240 25.62 8.51 9.27 36% 5%
CR4	–	HA1 <3	m/s 90–180 25.62 8.51 12.81 50% 22%
GR5	–	GR4 Combined 60–90 23.37 1.42 3.69 16% 18%
GR5	–	GR4 >3	m/s 60–90 23.37 1.42 3.37 14% 2%
GR5	–	GR4 <3	m/s 340–90 23.37 1.42 5.5 24% 7%
GR8	–	GR4 Combined 150–310 40.63 18.68 22.86 56% 27%
GR8	–	GR4 >3	m/s 250–330 40.63 18.68 24.36 60% 4%
GR8	–	GR4 <3	m/s 150–310 40.63 18.68 24.15 59% 35%
HK6	–	CT3 Combined 250–340 31.83 4.45 10.82 34% 18%
HK6	–	CT3 >3	m/s 90–250 31.83 4.45 9.21 29% 4%
HK6	–	CT3 <3	m/s 90–320 31.83 4.45 12.48 39% 17%
IS2	–	IS6 Combined 140–330 30.73 8.26 3.04 10% 11%
IS2	–	IS6 >3	m/s 180–335 30.73 8.26 1.66 5% 2%
IS2	–	IS6 <3	m/s 145–330 30.73 8.26 7.76 25% 21%
KC2	–	KC1 Combined 60–300 33.71 11.96 12.52 37% 39%
KC2	–	KC1 >3	m/s 60–300 33.71 11.96 15.59 46% 2%
KC2	–	KC1 <3	m/s 140–280 33.71 11.96 12.71 38% 31%
KC5	–	KC1 Combined 190–270 35.83 14.61 13.62 38% 7%
KC5	–	KC1 >3	m/s 0–90 35.83 14.61 11.95 33% 2%
KC5	–	KC1 <3	m/s 50–140 35.83 21.65 16.39 46% 44%
MY1	–	BL0 Combined 140–270 43.33 21.65 26.89 62% 35%
MY1	–	BL0 >3	m/s 170–270 43.33 21.65 24.34 56% 4%























Principal	components Eigenvalue Percentage	of	variance Cumulative	percentage	of	variance
Comp	1 7.93 41.73 41.73
Comp	2 2.99 15.72 57.45
Comp	3 2.11 11.10 68.55
Comp	4 1.13 5.92 74.47
Comp	5 1.07 5.61 80.07
Comp	6 0.87 4.60 84.67
Comp	7 0.71 3.71 88.39
Comp	8 0.66 3.46 91.85
Comp	9 0.53 2.78 94.63
Comp	10 0.38 1.98 96.61
Comp	11 0.31 1.63 98.23
Comp	12 0.19 1.02 99.26
Comp	13 0.10 0.51 99.77
Comp	14 0.03 0.15 99.92





evaluated,	 and	 the	 results	 show	 that	 the	models	performed	very	well	 on	 the	 test	data.	Table	4	 shows	 the	 statistical	 performance	 of	 the	models	 for	 each	 site.	 The	 predicted	PM10	 concentrations	 show	good	 correlation	with	 their
corresponding	observations.
Table	4	Performance	statistics	of	the	ANN	predictions.
Site FAC2 NMB RMSE R COE IOA
BT4 0.83 0.02 11.40 0.75 0.39 0.70
CD3 0.73 0.07 11.39 0.63 0.22 0.61
CR4 0.57 −0.01 12.51 0.60 0.28 0.64
CR4 0.57 −0.01 12.51 0.60 0.28 0.64
GR5 0.40 0.11 6.97 0.77 0.29 0.65
GR8 0.83 0.01 21.73 0.68 0.34 0.67
HK6 0.57 −0.02 9.09 0.70 0.28 0.64
IS2 0.73 0.01 9.97 0.86 0.50 0.75
KC2 0.94 −0.01 7.70 0.78 0.41 0.71
KC5 0.80 0.02 7.57 0.61 0.19 0.59

















































as	 air	 quality	management	 tools	where	 the	 sensitivity	 of	 the	models	 to	 the	 changes	 in	 the	 emission	 could	 be	 used	 to	 test	 the	 effectiveness	 of	 an	 air	 quality	management	 scenario	 related	 to	 traffic	 technology,
composition	or	volume.
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